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A Review of Action Recognition Using Joints Based on Deep Learning
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Abstract: Action recognition using joints has attracted the attention of scholars at home and abroad because it
is not easily affected by appearance and can better avoid the impact of noise. However, there are few systematic
reviews in this field. In this paper, the methods of action recognition using joints based on deep learning in
recent years are summarized. According to the different subjects of the network, it is divided into Convolutional
Neural Network(CNN), Recurrent Neural Network(RNN), graph convolution network and hybrid network. The
representation of joint point data that convolution neural network, recurrent neural network and graph
convolution network are good at is pseudo image, vector sequence and topological graph. This paper
summarizes the current data sets of action recognition using joints at home and abroad, and discusses the
challenges and future research directions of behavior recognition using joints. Under the premise of high

precision, rapid action recognition and practicality still need to be further promoted.
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